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Abstract—This paper presents a new algorithm for hematoxylin 
and eosin (H&E) stained histology image segmentation. With both 
local and global clustering, Gaussian mixture models (GMMs) are 
applied sequentially to extract tissue constituents such as nuclei, 
stroma, and connecting contents from background. Specifically, 
local GMM is firstly applied to detect nuclei by scanning the input 
image, which is followed by global GMM to separate other tissue 
constituents from background. Regular RGB (red, green and blue) 
color space is employed individually for the local and global 
GMMs to make use of the H&E staining features. Experiments on 
a set of cervix histology images show the improved performance of 
the proposed algorithm when compared with traditional K-means 
clustering and state-of-art multiphase level set methods.       

Keywords-Gaussian mixture model; histology; image 
segmentation; clustering 

I.  INTRODUCTION  
Histology [1, 2, 3] is the study of the microscopic 

anatomy of cells and tissues of organisms, which is 
performed by examining a thin slice of tissue under an 
optical or electron microscope. After a sequential technical 
procedures (i.e., fixation, dehydration, clearing, infiltration, 
embedding, sectioning, and staining), histology images can 
be finally produced by different imaging techniques (e.g. 
confocal and fluorescence imaging [4]), based on which 
manual or automated analysis can be conducted to identify 
abnormal tissues. In present research, the study of histology 
images is regarded as the gold standard for clinical diagnosis 
of cancers and identification of prognostic and therapeutic 
targets. In practice, histopathologists visually examine the 
regularities of cell shapes and tissue distributions and make 
corresponding decisions on cancerous regions and 
malignancy degree. In addition, histology analysis may be 
applied to connect the tissue study to gene function analysis. 
For example, in the research of pleiotropy (the association of 
multiple phenotypes with a single gene), histology analysis 
provides a potentially powerful tool to study functional 
genomics by exploring various phenotypic traits.  

In current days, manual analysis of digitized histology 
remains to be the primary instrument to identify cancerous 
tissues, which depends heavily on the expertise and 
experiences of histopathologists. Such manual intervention 
has the disadvantages of time consuming for high-throughput 
high-content histology images, as well as low repeatability of 
diagnosis results due to large intra- and inter-operator 
variations. To overcome these problems, computer assisted 

diagnosis (CAD) systems for histology image analysis 
become increasingly crucial in cancer detection and grading, 
which always provide instant and consistent results of 
abnormal region detection. Such computer aided 
histopathological study has been employed for numerous 
cancer detection and classification applications, such as 
prostate [5, 6], breast [7, 8], cervix [9, 10], and lung [12, 13] 
cancer detection and grading, and neuroblastoma 
categorization [14], and follicular lymphoma grading [15], 
just name a few. 

A regular CAD system flowchart is shown in Figure 1, 
which generally consists of procedures of image 
preprocessing, segmentation, feature extraction and 
dimension reduction, disease detection and grading, and 
postprocessing. Note that the order of these modules may be 
different in practical applications. For example, texture 
image segmentation requires that texture features should be 
computed before segmentation. In addition, some modules 
may be optional in certain applications, which may include 
other application-specific modules. 

For high-content histology images with huge size (e.g. 
>109 pixels), image preprocessing can be applied to reduce 
the computational cost through multi-scale image 
decomposition such as subsampling [16]. Therefore low 
resolution images can be analyzed first to roughly locate the 
regions of interest (ROI), which will be the focus of higher 
resolution image analysis. In cases of poor image quality 
with severe noise or blur boundaries, image denoising and 
enhancement techniques can be applied to increase the image 
contrast and thus highlight the ROI for an easier 
segmentation. Traditional image segmentation methods such 
as edge detection, thresholding, region growing, and K-

 

 

  

 
 
 
 
 

Figure 1.  Example of CAD system flowchart for histology image 
processing and analysis.  
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means clustering [16, 17] usually require postprocessing (e.g. 
edge linking or morphological operations) to form 
continuous and closed boundaries. More advanced 
segmentation methods include Bayesian models (e.g. 
Markov random field) [5, 17] and active contours [18]. After 
image segmentation, a number of features can be extracted 
from the ROI, including morphometrics [5, 8, 9, 13, 14] with 
object size and shape (e.g. compactness and regularity), 
graph-based features [6, 7, 8, 9] (e.g. Voronoi diagram and 
Delaunay triangulation), intensity and color features (e.g. 
statistics in different color spaces [5]), and texture features 
[6, 7, 10, 12, 13, 15] (e.g. Haralick entropy, Gabor filter, 
power spectrum, co-occurrence matrices, and wavelets). 
Moreover, besides the regular image domain, many features 
can also be extracted from other transformed spaces, e.g. 
frequency (Fourier) space and wavelet transformation [20], 
which significantly increase the quantity of effective 
features. Such large number (e.g. >1000) of extracted 
features are prohibitive for current CAD systems. Thus 
feature dimension reduction (DR) tools are necessary to find 
the most discriminative features for practical applications. 
The commonly used DR tools include both linear (e.g. 
principal component analysis and linear discriminant 
analysis) and nonlinear techniques (e.g. spectral clustering 
and locally linear embedding) [17, 19, 20]. At last, based on 
the simplified feature vectors, supervised classification 
algorithms [16, 17] (e.g. support vector machine and neural 
network) can be applied to identify diseased tissues by 
comparing the input image features with a set of pre-derived 
training sample features. In certain applications, 
postprocessing may be required to derive high level 
knowledge from the CAD system results. For example, the 
segmented object shapes may be specifically extracted and 
stored as indexes for advanced applications like image 
retrieval. Similarly, image analysis results may be applied for 
image annotation and information fusion.  

In this paper we focus on image segmentation, which is 
implemented by a two-step algorithm applying both local 
and global Gaussian mixture models (LG-GMM) to 
sequentially extract nuclei and other tissue constituents from 
hematoxylin and eosin (H&E) stained cervix histology 
images. The paper is organized as follows. After a brief 
review of image segmentation approaches in Section II, we 
present our proposed approach in Section III. Section IV 
shows experimental results, including the comparison with 
traditional K-Means clustering and state-of-art multiphase 
level set methods. The paper is summarized in Section V. 

II. BACKGROUND 
Image segmentation is a fundamental task in current 

CAD systems. Most existing segmentation methods can be 
roughly categorized, based on the image features used, into 
two basic approaches, the edge-based and region-based 
methods. Early segmentation methods [16, 17] include 
thresholding, edge detection, region growing, and K-means 
clustering. Thresholding approaches search for a value 
(threshold) to separate the objects from the background, 
typically based on image intensity or its transformation (e.g. 
Fourier descriptors or wavelets). The threshold is usually 

identified to satisfy some constraints or to optimize certain 
objective functions. For example, the commonly used Otsu’s 
method [16] finds the threshold to maximize the between-
class variance. For histology image segmentation, 
multithresholding approaches [16] are needed to extract 
different tissue constituents. Edge detection applies spatial 
filters (e.g. Canny and Sobel filters) to determine the border 
among objects and background. Region growing [16] groups 
pixels with similar features (e.g. intensity or texture) into 
connected areas, each of which is regarded homogenous or 
smooth according to the predefined feature similarities. K-
means clustering groups image points into K clusters by 
minimizing the objective function as: 
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where Ix is the intensity of a point x in the group Si, and μi is 
the current mean of Si.  

Typical difficulties in image segmentation include noise, 
low intensity contrast with weak edges, and intensity 
inhomogeneity [18], which pose significant challenges to 
traditional segmentation methods. In addition, traditional 
approaches like thresholding and edge detection need further 
operation (e.g. edge linking) to produce continuous object 
boundaries. To address these difficulties, more recent 
methods, such as the active contour models, including the 
key concepts of both the edge-based [21] and region-based 
approaches [22, 23, 24], have been proposed for image 
segmentation with promising results. The active contour 
models can achieve subpixel accuracy and provide closed 
and smooth contours/surfaces, which become an increasingly 
important tool for microscopy image segmentation [26, 27].  

Edge-based active contours generally use image gradient 
for object boundary detection, which are sensitive to noise. 
Therefore region information including intensity, color and 
texture features has been applied in active contours [22, 23, 
24], which usually segment an image into multiple regions of 
interest with certain homogeneity constraints. In addition, 
region-based active contours are much less sensitive to 
contour initialization than edge-based models. For example, 
the well-known Chan-Vese model (CV) [22] assumes 
homogeneous object and background regions with distinct 
intensity means. Given a gray scale image I0: Ω ⊂ ℜ2→ℜ, 
the CV energy functional is defined as: 
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where x∈ℜ2 and ν>0 is a constant. c1 and c2 are two global 
constants representing the intensity means of the two 
regions, i.e., background and objects. H is the Heaviside step 
function and φ represents the level set function. Eq. (2) 
handles only gray images with two different regions. To 
segment H&E stained color histology images with multiple 
object classes,  Eq. (2) has to be extended to multiphase level 
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sets [23] for vector-valued images, I0: Ω ⊂ ℜ2→ℜ3 [25, 26]. 
The extended energy functional is: 
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where c = (c00, c01, c10, c11) represents the average vector 
(RGB) values of four image regions produced by two level 
sets Φ = (φ1, φ2). By calculus of variations, the level set 
evolution equation can be derived as: 
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δ is the Dirac function. 

With a different framework to extract multiple objects, 
Samson’s image classification model [24] applies a group of 
level sets, (φ1,…, φK), to divide the input image into K 
regions, each of which corresponds to the interior of a level 
set, i.e., φi>0. 
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where ei>0, γi>0, and λ>0 are constants to balance the terms. 

2
0

0 |*|1
1)(

IG
Ig

σ∇+
=  is a monotonically decreasing 

function, which deforms contours towards edges. Briefly, the 
first term in Eq. (5) ensure a homogeneous region within 
each level set, which can be fitted by a Gaussian distribution 
with pre-estimated mean μi and variance σi

2. The second term 
prefers a smooth curve at edges, and the third term prevents 
overlapping level sets. The level set evolution equations are: 
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In this paper we compare our LG-GMM algorithm with 
traditional K-means clustering and the advanced region-
based level set methods, i.e., the extended CV model (Eq. (4)) 
and Samson’s model (Eq. (6)). 

III. PROPOSED APPROACH 

A. Gaussian Mixture Model 
Mixture models [11] are widely used to approximate 

complicated distributions with the output coming from one 
of a group of “hidden” sources (e.g. objects and background 
in an image), which provides a general framework to 
characterize heterogeneity. In this paper, we choose mixture 
models for our specific application of histology image 
segmentation, which consists of multiple classes of objects 
widely distributed in the image. In statistics, a mixture model 
is usually defined as a probability distribution that is a 
convex combination of several independent components with 
different probability distributions. Given an output, the goal 
is to estimate from which source (measured by probabilities) 
the output is generated, as well as the parameters describing 
the source component distributions, e.g. means and variances 
of a GMM. With a set of N samples (image points) from n-
dimensional space, X = {x1, …, xj, …, xN}, in which each 
sample is drawn from one of M Gaussian components, a 
GMM can be denoted as: 

 ∑
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Gaussian xj is drawn from, the probability of xj coming from 
the i-th Gaussian is: 
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The task is to estimate the hidden distributions given the 
data, i.e., to estimate the unknown parameters Θ which 
maximize Eq. (8). The GMM parameters can be estimated by 
the expectation-maximization (EM) algorithm [28], which 
repeats the E-step and M-step until convergence. The E-step 
is to calculate the expectation of which Gaussian is used, 
conditioned on the observations (X), using the estimated 
prior probability of each distribution (p(yj=i|θi)) and current 
parameter values (Θt), 
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Given the E-step estimation of unknown variables (y = 
{y1,…,yN}, yj=1,…,M), the M-step estimates the distribution 
parameters (Θ) and the prior probability of each distribution, 
which maximize the data likelihood as 
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where the log-likelihood is used for easier numerical 
implementation. With gradient ascent approach, we can 
update the parameters and the prior probabilities as: 
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Figure 2.  Local GMM distribution estimation example.  

These updated parameters then become the input for next 
E-step, and the convergence to a local maximum of the EM 
algorithm is guaranteed [28]. Using the EM algorithm, 
Figure 2 shows an example of local GMM-based distribution 
estimation in a small region (see the green rectangle). The 
left image in Figure 2 is an input image with three target 
classes of nuclei, connecting tissue constituents, and 
background, which is cropped (size 200×200) from a large 
size cervix histology image (size 72360×41788). The middle 
top image is the gray scale version of the selected region. 
The middle bottom image is the segmentation result based on 
the estimated distribution, i.e., each pixel is grouped to the 
cluster (distribution) to which it has the closest distance. The 
blue lines in the right image correspond to the intensity 
histogram of the region. The estimated Gaussian 
distributions of the objects and background are illustrated as 
the red curves. It can be seen that the estimated distributions 
match well with the real intensity histogram, which show the 
suitability to use the GMM for objects and background 
distribution estimation.  

B. LG-GMM Segmentaiton Algorithm 
The proposed LG-GMM segmentation algorithm 

employs the unique characteristics of the H&E staining 
protocol: hematoxylin stains nuclei blue; eosin stains the 
cytoplasm pink, red blood cells red; air spaces are white. 
Therefore, we can obtain that nuclei are always represented 
by dark points, see Figure 2 example. In addition, other 
tissue connecting constituents all have high R values like 
those in background, which can be well separated with their 
G or B values. Based on these observations, we derive our 
two-step algorithm as: (1) nuclei detection by local GMMs; 
(2) other tissue constituents extraction by a global GMM.  

In the first step, local GMMs are employed to extract 
nuclei by scanning the R channel of the input image with a 
window. Specifically, for each image region under the 
scanning window, the local intensity distribution is estimated 
by a local GMM with a prior number of different target 
classes in the image, e.g. 3 for Figure 2 example. In practice, 
the number of classes falling into the scanning window may 
be different from the total number in the whole image. Our 
algorithm is robust to such variation because we focus on 
only the dark points in each scanning window. After the 
intensity (R) distribution estimation in a region, each pixel 
with the closest distance to the darkest class is labeled as a 
nucleus point. Figure 3(a) shows the detected nuclei from the 
left image in Figure 2 after the first step. 

    

   
 

Figure 3.  LG-GMM segmentation example: (a) nuclei dection. (b) 
segmentation result on the RGB space. (c) segmentation result on gray 

scale image. (d), (e), (f) segmentation result on the R, G, and B channels.   

In the second step, a global GMM is applied to either G 
or B channel to group the rest of image points into different 
clusters, which again makes use of the H&E staining 
features. Together with the first step result, Figure 3(b) 
shows the final segmentation result of Figure 2 example, 
with black pixels representing nuclei, gray pixels for stroma 
and other tissue constituents connecting cells, and white 
pixels for background. To show the advantages of exploiting 
the H&E staining features, we also apply the same algorithm 
to the gray scale image, and the R, G, and B channels 

(10)

(a) (b) (c) 
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respectively, see Figures 3(c)-(f). It can be seen that with the 
specific prior knowledge of H&E staining features, our 
algorithm obtains rather encouraging result.  

IV. EXPERIMENTS 
In this section, in addition to the example in Figure 2, 

three more images cropped from H&E stained cervix 
histology images are used to illustrate the superior 
performance of the proposed algorithm when compared with 
both traditional K-means clustering and current advanced 
multiphase level set methods [22, 23, 24]. K-means and 
Samson’s model implement segmentation on gray scale 
images. Multiple uniformly distributed seeds are used as the 
initial level sets for all the examples in our experiments.  For 
an efficient computational cost, in our experiments we 
choose the scanning window size to be a quarter of the input 
image. Figure 4 shows the results of K-means clustering 
(left), CV multiphase model (middle) and Samson’s model 
(right). With rather close intensities between the connecting 
tissue constituents and the background, these methods cannot 
accurately differentiate them.  

   

Figure 4.  Image segmentation result of K-means (left), CV model 
(middle), and Samson’s model (right).  

Figure 5 demonstrates three examples with different 
numbers of target classes. The left image (size 500×350) 
consists of three classes: nuclei, connecting tissue 
constituents in epithelium, in addition to background. The 
other two images (size 400×400) include four target classes: 
nuclei, red blood cells (stroma), connecting tissue 
constituents, and background. The left image is similar to 
Figure 2 example with some blurry nuclei embedded in the 
epithelium, and the difficulty lies in the fine texture structure 
at the left side. The other two images are rather challenging 
with complicated object distributions. Specifically, in the 
second image, the blood cells in the middle part are rather 
similar to the connecting tissue constituents at the bottom left 
region. In the right image, the boundary between the left 
stroma and the right epithelium is mixed with all different 
target classes. The input images, the results of our LG-GMM 
(row 2), K-means clustering (row 3), CV multiphase level set 
model (row 4), and Samson’s model (row 5) are listed from 
the top to bottom. Again, we can see that our proposed LG-
GMM algorithm outperforms other approaches for all the 
three images. For the simple example of the left image, all 
methods can obtain good results. Though, minor texture 
details are missed by Samson’s level set method, as shown 
by the red rectangle. For the middle image, our method 
successfully extracts the blood cells (dark gray regions as 
shown by the arrow in row 2) from the surrounding tissue 

constituents (light gray regions). Similarly, for the right 
image, the stroma (left dark gray regions) and the epithelium 
(right light gray regions) are well separated by the proposed 
LG-GMM algorithm. The other three methods fail to 
produce accurate results for these two difficult examples. 
The main reason is because only the global region 
homogeneity is used to constrain the segmentation, which 
cannot differentiate minor intensity differences in local 
regions well, especially for inhomogeneous histology images 
with widely distributed objects. In this case, local contrast 
information is needed for accurate segmentation, as in our 
proposed LG-GMM algorithm.  

   
 

   
 

   
 

   
 

   

Figure 5.  Original images (row 1) and segmentation results of our method 
(row 2), K-means (row 3), CV (row 4), and Samson’s model (row 5).  

V. SUMMARY 
This paper presents a new algorithm for robust H&E 

stained histology image segmentation. Local and global 
Gaussian mixture models are applied sequentially in 
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different color channels to extract nuclei and other tissue 
constituents. Compared with traditional K-means clustering, 
and state-of-art multiphase level set methods, our model 
provides a rather simple and flexible framework to solve 
such challenging segmentation problem. In addition, with the 
only parameters of scanning window size and number of 
target classes, the proposed algorithm obtains more robust 
and accurate results than existing approaches. Based on the 
segmentation results, future work including feature 
extraction in the ROI and classification are planned for 
cancer detection and malignancy level grading, e.g. cervical 
intraepithelial neoplasia grading with cervix histology 
images or Gleason grading for prostate histology images. 
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